Determinants of China's regional innovation capacity by Zhou, Ying et al.
This is the author’s version of a work that was submitted/accepted for pub-
lication in the following source:
Zhou, Ying, Steffens, Paul R., & Parker, Rachel L. (2012) Determinants of
China’s regional innovation capacity. In Proceedings of The Joint ACERE-
DIANA International Entrepreneurship Conference, University of Notre
Dame, Fremantle, WA.
This file was downloaded from: http://eprints.qut.edu.au/48724/
c© Copyright 2012 [please consult the authors]
Notice: Changes introduced as a result of publishing processes such as
copy-editing and formatting may not be reflected in this document. For a
definitive version of this work, please refer to the published source:
1 
 
DETERMINANTS OF CHINA'S REGIONAL INNOVATION CAPACITY 
 
Zhou Y1, Steffens P1, Parker R
 
1 
1
 
 Business School, Queensland University of Technology 
Submitting Author Contact Information:  
 
Ying Zhou 
Queensland University of Technology 
yuxiyulu@gmail.com  
  
2 
 
Determinants of China’s Regional Innovation Capacity 
Abstract 
This paper investigates the determinants of China’s regional innovation capacity (RIC) 
and variations in these determinants between different types of regions. Based on the 
framework of national innovation capacity (NIC) and research on innovation system, this 
paper develops a framework of RIC in the Chinese context. Using panel data from 1991 
to 2009, clustering analysis is first employed to classify regions according to their 
innovation development path. Panel data regressions with fixed effect model are 
conducted to explore the determinants of RIC and how these vary across the different 
regional clusters. We find that the 30 regions can be clustered into three groups, and there 
are considerable differences in the drivers of RIC between these different regional groups.  
Introduction 
Innovation is widely considered as the core driver of a nation’s economic growth and 
competitiveness. Since the 1980s, with the emergence of the concept of national 
innovation system (NIS), there has been a surge of innovation research employing this 
approach. More recently, Stern, Porter, and Furman (2000) introduced a framework of 
national innovative capacity (NIC) based on Romer’s (1990) endogenous growth theory, 
Porter’s (1990) cluster theory of national industrial competitive advantage, and Nelson’s 
(1993) research on NIS, to investigate the determinants of innovation capacity (IC). 
However, researchers found that studies of innovation system (IS) at a national level may 
not be the only and best choice, and studies at regional level was also important (Cooke, 
Uranga, & Etxebarria, 1997). In big countries, studies at the regional level is even more 
important and useful than that at the national level (Edquist, 2004), especially for 
transitional economies, there are always dual technology systems in the country 
(Tylecote, 2006). Therefore, studying the innovation phenomenon at the regional level in 
the context of China, a big world-influential transitional country, is important and 
necessary. 
 
China is at a special transitional stage. Due to the historical accumulation and special 
development path, the experiences and research results based on developed countries are 
not directly adaptable to China. Besides, similar to its uneven economic development, the 
regional innovation capacity (RIC) is unevenly distributed around the country. As the 
economic infrastructure and intensity of R&D investment differ between regions, 
substantial differences of determinants of RIC can be expected across regions. Although 
China has attracted much attention from IS researchers, and studies at both national and 
regional level are  conducted (Hu & Mathews, 2008; Ji & Zhao, 2008; Li, 2006, 2009; 
Liu & White, 2001), the variations in patterns of RIC development need deep 
investigation, and the differences in drivers between different innovative regions are not 
understood. 
 
To fill the gap and better understand the determinants of RIC in China and explore the 
differences in drivers of RIC between regions, we conduct an empirical study with a set 
of longitudinal panel data based on the research of IS and IC. Cluster analysis is 
employed to classify regions into different groups according to innovative development 
level, which will help regions to be clear about their status of IC. Panel data regressions 
with fixed effects models are conducted with data from all the regions and separate 
groups to investigate the determinant of RIC all over the country and explore the 
variations across regions. The separate group analysis helps regions to find out what is 
3 
 
more important for a specific region in improving RIC considering its innovative level. 
 
This paper is structured as follows: Section 2 introduces the transition of NIS and RIS in 
China and the disparity of IC between regions. Section 3 describes the conceptual 
framework, empirical models and measures used for analysis. Section 4 elaborates the 
results of group classification. Section 5 explains the drivers of RIC with all regions. 
Section 6 discusses the variances of determinants between groups in detail. Section 7 
summaries the findings. 
NIS/RIS in China 
China is one of the biggest developing countries in the world, China has been 
transitioning and transforming from centrally planned regime to market-oriented system 
since the economic reform started in 1978. Along with the economic reform, the 
transitional process of NIS and RIS can be divided into four transitional stages. Stage one 
is the pre-reform stage, from the foundation of PRC in 1949 to the beginning of economic 
reform in 1978. During this period, the nation was the driving force of innovation, 
governments funded and controlled all innovative activities, and there were few 
interactions between industries, universities, and public research institutes (Sun, 2002). 
The second stage is the early phase of economic reform, from 1979 to 1992. With the 
promotion of reform, lots of effort was put on technology transformation and reshaping 
the relationship between knowledge producers and users and their relationship with 
government. The third stage starts from 1993 to 2005. During this period, much more 
attention was paid to technological innovation in industrial enterprises rather than 
technology transfer. The fourth stage is from 2006 till now. China is aiming to become an 
innovation-oriented country and the complex relationship between reforms of economy, 
science and technology, education, and innovation are stressed.  
 
During the transitional process, regions in China are unevenly developed due to historical 
accumulation and different development strategies. Taking GDP per capita as an example, 
from 1991 to 2009, Shanghai is more than three times of national level, Beijing is more 
than two times, and Tianjin is between 1.9 and 2.5 times. The rest are mostly between 0.5 
and 1.8 times of national GDP per capita.  
 
Similar to economic performance, RIC is unevenly developed as well. However, the 
region with best economic performance may not be the most innovative region. Thus, one 
may wonder what factors are driving the variations between regions. Do the factors have 
the same impact on regions at different innovative level? In the following sections, we 
will try to answer these questions with empirical analysis 
Theoretical framework  
When investigating the differences in IC across countries, Furman et al. (
Theoretical framework 
2002) developed 
the framework of NIC which consists of common innovation infrastructure, cluster-
specific environment for innovation and the quality of linkages between them, based on 
Romer’s (1990) endogenous growth theory, Porter’s (1990) cluster theory of national 
industrial competitive advantage, and Nelson’s (1993) research on NIS. However, the 
detailed framework adopted in NIC studies is not directly applicable to the Chinese 
context, especially at the regional level, because there are inherent differences of IS 
between developed and transitional countries (Gu & Lundvall, 2006). In developed 
countries, firms are the major innovation actors, while that is the case only in some 
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regions of China. The different roles of innovation actors in the system lead to quite 
different structure of NIS in China from that in developed countries, and even the 
structure of RIS within China varies. Therefore, a specific framework considering the 
characteristics of China is needed. 
 
The conceptual framework here is principally based on the literature of IS and IC. In the 
literature of IS, components and interactions between components engaged in innovative 
activities are considered as the main elements that form a system (Edquist, 1997; 
Lundvall, 1992; Nelson, 1993). One major component is innovation actors, responsible 
for generating innovations, such as firms, research institutes, universities, and government 
agencies (Cooke, et al., 1997). The other major component is institutional environment, 
which consists of rules, such as policies, laws, regulations, and norms to regulate 
activities of innovation actors (Doloreux, 2002; North, 1990; Scott, 1995). Although the 
institutional environment has been changing over time, they are mostly set up at the 
national level. Hence, it is not in the scope of regional comparison in this study. Another 
critical element in IS is interaction. It is acknowledged as the key activity, which connects 
innovation actors and where the innovations result from, in innovation processes (Cooke 
& Memedovic, 2003; Edquist, 2004). Therefore, innovation actors and interactions will 
be concerned in this study. 
 
In the literature of IC, it is found that technological infrastructure, human resource, 
economic performance, government policies, and the linkages are crucial to IC 
development and upgrading (Furman, et al., 2002; Oliver & Porta, 2006). In Chinese 
literature about NIC index, innovation input, innovation infrastructure, and networking 
are considered as some of the main factors (CAS, 2009; Ji & Zhao, 2008). 
 
Taking both the approach of IS and IC into consideration, the simplified framework is 
formed by extracting the factors that may have direct influences from previous studies, as 
shown in Figure 1. 
 
Figure 1 Framework of RIC measuring 
Based on the framework we developed above, this section describes the measures used 
for each element. The definitions and sources of variables are summarized in Table 1. To 
enable comparison of regions with vastly different sizes, all money-related variables are 
divided by regional GDP, and other variables are divided by regional population. We take 
the logarithm transform of most metric variables to ensure distributions are approximately 
normal. Employment rate is not normalized as it is approximately normal distributed. 
Measures 
 
 
 
 
 
 
Innovative inputs 
     Interactions  
    Innovation actors 
    RIC 
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Table 1 Definition and sources of variables 
Variable Definition  Source  
Dependent variables 
lgPGpm The number of patent grants per million person PSY: 1991-2009 
 lgIPGpm The number of invention patent grants per million 
person 
lgUMPGpm The number of utility model patent grants per million 
person 
Independent variables 
Innovation actors 
lgNHEIpb Number of higher education institutes per billion 
person 
CSY:1992-2009 
CSYST: 1992-2009 
 lgNLMEpm Number of large and medium-sized industrial 
enterprises per million person 
Innovation inputs 
lgGDPpp GDP per person CSY: 1992-2009 
lgFSTpthGDP Funding for science and technology activities per 
thousand GDP 
CSY:1992-2009 
CSYST: 1992-2009 
lgFTE_SEpm Full time employed scientists and engineers per 
million person 
CSY:1992-2009 
CSYST: 1992-2009 
Emprate Employment rate CSY: 1992-2009 
Interaction  
lgFDIpthGDP Foreign direct investment per thousand GDP CSY: 1992-2009 
lgEITpthGDP Export and import trade per thousand GDP CSY: 1992-2009 
lgVDTCpthGDP Value of Domestic technology contract per thousand 
GDP 
CSYST: 1992-2009 
Innovation capacity 
Following Li (2009), this paper employs the number of domestic patent grants as the 
proxy of commercially valuable innovation output to measure RIC. Patent data is the 
favored and most commonly used indicator in measuring innovation output. Although 
patent information is not perfect, it provides a fairly reliable measure of innovation 
activity (Acs, Anselin, & Varga, 2002) and patent statistics offer the best available output 
indicator for innovation activities (Freeman, 2004). Domestic patents are more suitable 
than international patents in this study, as international patents do not reflect the entire 
spectrum of innovative activities especially in a transitioning country (Krammer, 2009), 
and domestic patents is more comparable at the regional level. Among the three 
categories of patents that systematically collected by State Intellectual Property Office in 
China since 1985, inventions and utility models grants are considered because they are 
more technologically important innovations than designs, and grants represent 
innovations with more commercial value than applications. 
 
A time lag between explanatory variables and patent data (output) is required in the 
models. It takes time to transform innovation effort to IC, in other words, transform input 
to output, and also to process and approve patent applications. Following Li’s (2009) 
long-lag scenario, we take 4 years as the lag between input and grants.  
Innovation actors 
The main innovation actors considered in IS are firms, universities and research institutes. 
In China, universities can refer to as higher education institutes (HEI), which consist of 
universities, special colleges, such as medical school, musical college, and professional 
technology colleges. Accordingly, the number of HEI per billion people own in each 
region is included. 
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There are many types of firms in China in terms of the classification criteria. The number 
of all types of firms is not accessible for the study period here. Thus, we employ the 
number of large and medium-sized industrial enterprises (LME) per million people own 
in a region to explore the influence of firms on RIC.  
 
With regard to research institutes, they are not included in the analysis only though they 
are a critical factor of China’s NIC (Hu & Mathews, 2008). Because, according to the 
public official data, the statistical approaches differ in different year, and the data can be 
achieved are not comparable. Therefore, only HEI and LME are included. 
Innovation input 
A range of innovation inputs have been employed in previous studies, such as funding for 
science and technology activities, R&D expenditure (Freeman, 2004; Pan, 2007), 
scientists and engineers (Lundvall, 2007), and knowledge stock, are considered as the 
most direct input factors of innovation activities.  
 
With regard to financial input, we include funding for science and technology activities 
(FST). Since FST can be used for all science and technology related activities, such as 
R&D activities, purchases or construction of fixed assets, it may better represent the effort 
that was put into innovation development than R&D expenditure.  
 
In terms of human resources, number of full time employed scientists and engineers 
(FTE_SE) per million people own and employment rate (Emprate) are employed. 
Scientists and engineers are the most important human resources for innovation 
development, but they also need support and help with general administrative issues from 
other staff. That is why employment rate is included as well. 
 
For knowledge stock, GDP per capita and patent stock (Furman, et al., 2002) are 
proposed as two indicators. GDP per capita captures the ability of a country or a region to 
bring about the economic value of its knowledge, while patent stock directly measures the 
national or regional pool of technology. As GDP per capita is highly correlated with 
patent counts, and patent counts are used as independent variable in the analysis, only 
GDP per capita is used. Besides, GDP per capita can represent the economic 
infrastructure of a region as well. 
Interactions 
It has been widely recognized that interactions between components are important 
activities in the process of innovation development (Cooke & Memedovic, 2003; Edquist, 
2004). Through interactions, innovation actors can learn from each other, share 
knowledge and resources, and consequently accelerate the progress of innovation. With 
respect to domestic interactions, Li (2009) used the proportion of science and technology 
funds raised by universities and research institutes from firms to measure the financial 
interactions, and contract value in the regional technology market to measure interactive 
learning. In view of knowledge and data accessibility for such a long period, only value of 
domestic technology contract (VDTC) is included in this paper. VDTC here represents 
knowledge flow and interactive learning both across regions and within a region. 
 
In addition to domestic interactions, the development of RIS is becoming more dependent 
on external linkages (Asheim & Vang, 2006). Hence, we cover international interactions 
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as well. Regions can access foreign technologies and knowledge through FDI, 
international trade and mobility of human capital across borders and collaborations 
(Liang, 2008; Peng & Wang, 2000; Zhang & Rogers, 2009). Domestic innovation actors 
can benefit from both foreign technology providers and users. Inflow FDI may bring 
financial capital, human capital and advanced technologies (Madariaga & Poncet, 2007). 
International trade might bring advanced technologies, and foreign users may facilitate 
exporters to improve their product to meet the criteria of foreign markets (Chuang & Hsu, 
2004; Lin & Lin, 2010). Therefore, we use annual inflow of FDI and the sum of export 
and import (EIT) to measure international interactions. 
In order to analyze the relations between IVs and DVs in the above framework, the 
econometric model, which considers both time-variant and time-invariant variables, is 
well suited. Following Furman et al. (
Model 
2002), Li (2009) and Allison (2009) we employ a 
fixed effects model in this paper, which can be interpreted as: 
 yit = α + βxit + ui + εit                   i = 1, 2, … , N, t = 1, 2, … , T                                
 
Where i  represents the cross-sectional unit and t  represents time; yit  is the dependent 
variable; β is the coefficient for the independent variable; xit represents one independent 
variable; α is the intercept;  ui is the unobserved unit effect; uit is the error term. 
 
A fixed effects model is appropriate because a random effects model assumes the sample 
is randomly drawn from a large population (Wooldridge, 2002). Here, we use (almost) the 
population of regions in China (30 of 33).  Moreover, in a random effects model, the 
unobserved variables are assumed to be independent of all the observed variables, while 
in a fixed effects model, the unobserved variables are allowed to have associations with 
the observed variables (Allison, 2009). In this study, only some factors that may have 
direct influence on the IC are included, so it is a big risk to assume the unobserved 
variables are not correlated to the observed ones.  
Substituting the variables into the generic fixed effects model, we get the following model 
for this study: 
 lgIPGpmi,t+4/lgUMPGpmi,t+4= α+β1lgNHEIpbit + β2lgNLMEpmit + β3lgGDPppit + β4lgSTFpthGDPit+ β5lgSTFpthGDPit + β6Emprate + β7lgFDIpthGDPit + β8lgEITpthGDPit+ β9lgVDTCothGDPit + ui + εit 
Empirical Study 
To answer the research questions, we conduct our analysis as two steps following the 
theoretical framework. Step one is cluster analysis to classify the regions into different 
groups in terms of regional similarities and differences. Step two is GLS regression of 
fixed effects model with panel data to find out the drivers of RIC and compare the 
differences in drivers of RIC between groups. 
There are 33 administrative regions in PRC, including 22 provinces, four municipalities, 
five autonomous regions and two special administrative regions. Tibet is excluded as 
there are too many missing data. Macau and Hong Kong are excluded as governance was 
transferred back to China in 1997 and 1999 respectively.  
Data Collection 
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All data for this study are from Patent Statistic Yearbook (PSY) 1991 to 2009, China 
Statistic Yearbook (CSY) 1992 to 2009, and China Statistic Yearbook on Science and 
Technology (CSYST) 1992 to 2009. The sources of each variable are listed in Table 1. 
Cluster analysis is conducted to separate regions into different groups according to its 
RIC and related factors, so that similarities between regions within a group are greater 
than regions belong to different groups. Therefore, we can compare the differences in 
drivers of RIC across regions and find out the importance of each factor in improving RIC 
in groups at different innovative level. 
Cluster analysis 
 
We use hierarchical clustering, applying Ward’s Method with squared Euclidean distance 
measure to calculate the similarity between clusters. Hierarchical techniques are 
applicable to most type of research questions and it is simple and fast for researcher to 
capture the entire range of clustering solutions with the treelike structures revealing the 
clustering process (Hair, Black, Babin, & Anderson, 2010). Ward’s Method is chosen as 
the similarity it calculated between clusters is the sum of squares within the cluster 
summed over all variable rather than a single measure of similarity with other methods 
(Hair, et al., 2010). For Ward’s method, squared Euclidean distance is the recommended 
distance measure (Hair, et al., 2010) 
 
The analysis is conducted in SPSS and both DV (total amount of patent grants) and IVs 
included. At the first place, we found that three clusters are the most appropriate and there 
are three marginal regions, Hainan, Heilongjiang, and Jilin, between cluster 2 and cluster 
3.  To confirm which cluster is more suitable for the marginal regions, panel data 
regression for each possible group is conducted. The final classification of groups is 
shown in Table 3. Group 1 represents the high innovative regions, groups 2 are medium 
innovative regions, and group 3 consists of low innovative regions.  
 
Table 3 Groups of regions 
Group No. Group Member 
Group 1 Beijing, Shanghai, Tianjin 
Group 2 Fujian, Guangdong, Jiangsu, Liaoning, Shandong, Zhejiang 
Group 3 Anhui, Chongqing, Gansu, Guangxi, Guizhou, Hainan, Hebei, Heilongjiang, Henan, 
Hubei, Hunan, Jiangxi, Jilin, Neimenggu, Ningxia, Qinghai, Shaanxi, Shanxi, Sichuan, 
Xinjiang, Yunnan 
In this study, fixed effects models are estimated in STATA, with the command xtreg and 
option fe. In the following, the estimated results from fixed effects model for different 
measures of patent counts covering all the regions are explained. Taking invention and 
utility model grants as separate measures of innovation output, models for two dependent 
variables are estimated. To compare the impact of a factor on different grants, z-test is 
employed and DVs are normalized to have the same mean. The estimated results are 
listed in Table 4. 
The drivers of regional innovation capacity (all regions): results and discussion 
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Table 4 Results of fixed effects panel regression for Invention and Utility model patents 
granted 
Coef.  Invention patents (1) 
Utility model patents 
(2) z-score 
Innovation 
actors 
Number of higher 
education institutes 
-.413 .258*** -1.70 
(.386) (.087)  
Number of large and 
medium-sized enterprises 
-.744** .047 -2.42** 
(.319) (.072)  
Innovation 
input 
GDP per capita 5.378*** .811*** 23.40*** 
(.190) (.043)  
Funding for scientific and 
technological activities 
1.449*** .117* 4.71*** 
(.276) (.062)  
Full time employed 
scientists and engineers 
1.317*** .289*** 2.47** 
(.407) (.092)  
Employment rate -.996 .240 -1.15 
(1.045) (.236)  
Interaction  FDI -.575*** -.157*** -3.85*** 
(.106) (.024)  
Export and import -.453** .423*** -3.82*** 
(.224) (.051)  
Value of domestic 
technology contract 
.244** -.032 2.53** 
(.106) (.024)  
 _cons -19.832*** -3.861*** -15.99*** 
  (.973) (.220)  
 Within R-sq .8799 .8360  
Note: Standard errors are in the parentheses, ***p<0.01, **p<0.05, *p<0.1 
Innovation actors 
Higher education institutes (HEIs) have a significantly positive effect on utility models 
patents. This is consistent with earlier research that highlights the importance of higher 
education institutes in improving IC as what has been found in studies at the national 
level (Chen & Guan, 2011). However, HEIs have no significant impact on invention 
patents. This is surprising, since one would expect the role of universities to be even more 
relevant for generating more substantial innovations reflected in invention patents. This 
finding requires further investigation. 
 
The impact of LMEs is significantly negative on invention patents, with no significant 
impact on utility model patents. The probable reason of the negative impact would be the 
structure of LMIE. Based on CSYST, there are three types of LME in terms of ownership, 
(1) SOE, enterprises with funds from governments; (2) foreign invested enterprises (FIE), 
enterprises with funds from Hong Kong, Macau, and other countries; (3) other 
enterprises, enterprises without government and foreign funds. During the study period, 
more than half of LMEs were composed of SOEs and FIEs. SOEs lag behind the 
efficiency of China’s economy (Sun, 2010) and they may be less motivated to learn new 
knowledge and make innovations than other enterprises (Wang & Kafouros, 2009). FIEs 
would lead to negative effect as well, which will be discussed in the section about FDI. 
Therefore, more SOEs and FIEs may lead to less patenting. The existence of different 
impact of LME on invention grants and utility model grants may because that domestic 
firms are more likely to file utility models and designs than inventions as they are less 
radical and easier to be granted (Sun & Du, 2010). 
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Input factors 
The results in Table 4 indicate that there is a robust relationship between most innovation 
input and output, and all impacts are greater on invention patents than that on utility 
model patents. Only employment rate is not significant.  
 
Representing knowledge stock, GDP per capita is positively significant on both 
categories, which confirms the existence of “standing on the shoulders of others” 
phenomenon and implies that accumulated knowledge stock and better economic 
foundation greatly promote the creation of new knowledge and facilitate the development 
of RIC. These findings are consistent with what Li (2009), Furman, et al. (2002) and Hu 
and Mathews (2008) found. 
 
The impacts of both funding for S&T activities and number of S&T personnel are 
positive on both types of patents. The positive effect of financial and human capital 
reflects their importance in improving innovation performance (Wang & Kafouros, 2009). 
The impact of both S&T funding and personnel on invention patents is significantly 
stronger than that on utility model patents, as can be expected since more radical 
innovations require more substantial funding 
 
Interactions 
Results displayed in Table 4 reveal that FDI has negatively significant effect on domestic 
patenting and that this negative impact is substantially larger for invention patents 
compared with utility model patents. 
 
The effect of FDI on domestic economic and innovation development has been discussed 
and examined for a while based on different contexts and there are evidences support both 
positive (Chuang & Hsu, 2004; Tian, 2007) and negative arguments (Huang, 2004). The 
negativity of FDI observed in our study may be ascribed to the following reasons. (1) As 
the main format of FDI, FIEs do not favor patenting in China. A survey undertaken in 
Beijing, Shanghai, Suzhou and Dongguan shows that 91% of FIEs do not apply for 
patents, and 13% only apply for international patents (Zhou, 2006). (2) FIEs may crown 
out domestic organizations from human capital and resource market. FIEs provide 
competitive payoff to attract outstanding talent from the labor pool (Huang, 2004; Sun, 
2010), which will reduce the accessibility of domestic organizations to skilled 
technicians. Hence, FIEs may lower the IC of domestic innovation actors and reduce 
knowledge spillovers by keeping competent workers. (3) Large inflows of FDI may 
redirect innovative activities such as R&D back to the parent company’s home country 
(Girma, Gong, & Görg, 2006). Subsequently, reduce innovative activities in the host 
country. (4) Usually, FIEs would avoid unnecessary knowledge sharing with domestic 
innovation actors (Fu & Gong, 2011; Zhou, 2006), which weakens the effect of learning 
from FDI. (5) The last, but critical reason is probably because domestic organizations are 
not capable enough to absorb advanced knowledge and technologies, for sufficient 
absorptive capacity is required for local organizations to gain positive spillovers from 
FIEs (Cohen & Levinthal, 1989; Fu & Gong, 2011). 
 
The different effect size of FDI on invention patents and utility model patents is probably 
because firms are more likely to file utility model patents than invention patents as they 
are less radical and easier to be granted (Sun & Du, 2010). The patenting preference of 
firms may lead to a stronger negative effect of FDI on invention patents than on utility 
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model patents. 
 
Export and import shows significantly positive effect on utility model patents, but a 
significantly negative impact on invention patents. 
  
For international trade, the positive impact observed in our results is in line with findings 
from theoretical and empirical studies (Wang & Kafouros, 2009). The positive spillovers 
of exports mainly come from the information gathered from the export market and 
competition with foreign firms, which will stimulate exporters innovative activities to 
maintain their market share (Salomon & Shaver, 2005; Zhang & Rogers, 2009). Import 
may improve RIC through many aspects, such as imported technologies, knowledge 
embedded in imported goods (Chuang & Hsu, 2004; Fu & Gong, 2011).  
 
Although most evidences show positive effects of export and import on innovation 
performance, we get a significant negative coefficient of international trade on invention 
grants. The possible reason which may explain this phenomenon would be the insufficient 
absorptive capacity to assimilate and fully utilize the imported foreign technologies and 
knowledge. This needs further investigation. 
 
In contrast to the impact of international interactions, domestic interactions measured as 
value of domestic technology contract shows significantly positive effect on invention 
grants, but insignificant negative impact on utility grants. Z-test confirms the difference 
(z=2.53, p<.05). The positive effect of VDTC on invention grants accords with what IS 
theory predicts and suggests that domestic technology transfer helps in generating 
invention patents. The different effect of VDTC on the two categories makes it hard to 
conclude how domestic technology exchange influences RIC. 
An analysis of the descriptive statistics for the three regional groups (not displayed due to 
space considerations) reveals that there are substantial differences in the characteristics of 
variables between groups. For most innovation variables, the mean of group 1 is higher 
than that of group 2, which in turn is higher than group 3. Two exceptions are for 
employment rate, group 2 is the highest and group 3 is the lowest, while for number of 
higher education institutes, group 1 is the highest and group 2 is the lowest.  
Group comparison: Results and Discussion 
The impact of each variable on patents granted in the three regional groups is shown in 
Table 5 and the comparison of coefficients is displayed in Table 6. 
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Table 5 Group comparison: panel regression results for Invention and Utility model 
patents granted 
Coef. Invention patents  Utility model patents 
 G1(9) G2(10) G3(11)  G1(12) G2(13) G3(14) 
Number of higher 
education institutes 
-.278 .833 -1.582***  -.267* .100 .455*** 
(.693) (.510) (.511)  (.143) (.135) (.120) 
Number of large and 
medium-sized enterprises 
-.255 -.739* -1.405***  -.276 .122 -.112 
(.924) (.382) (.445)  (.192) (.101) (.104) 
GDP per capita 5.335*** 4.948*** 5.507***  .979*** 1.054*** .726*** 
(.454) (.366) (.238)  (.094) (.097) (.056) 
Funding for scientific and 
technological activities 
3.182** .869 1.350***  .256 .142 .032 
(1.223) (.627) (.305)  (.254) (.133) (.071) 
Full time employed 
scientists and engineers 
-4.285** 2.181*** 1.378***  -1.325*** .323 .122 
(1.748) (.784) (.517)  (.353) (.208) (.121) 
Employment rate -5.648** -5.174*** 3.741***  .610 -.449 .500 
(2.216) (10643) (1.405)  (.460) (.435) (.329) 
FDI -1.384*** -1.470*** -.524***  -.388*** -.259*** -.131*** 
(.277) (.265) (.116)  (.058) (.070) (.027) 
Export and import 1.430*** .741* -1.211***  .761*** .377*** .309*** 
(.449) (.435) (.282)  (.093) (.115) (.066) 
Value of domestic 
technology contract 
.731** -.411 .297**  .106* -.087 -.031 
(.292) (.294) (.115)  (.061) (.078) (.027) 
_cons -4.661 -22.739*** -17.203***  2.791** -3.785*** -3.316*** 
 (5.523) (1.295) (1.353)  (1.148) (.343) (.317) 
Within R-sq .9671 .9619 .8678  .9563 .9471 .7801 
Note: Standard errors are in the parentheses, ***p<0.01, **p<0.05, *p<0.1 
Table 6 Group comparison: Test of coefficient differences between groups 
Z-score Invention patents  Utility model patents 
 G1-G2 G1-G3 G2-G3  G1-G2 G1-G3 G2-G3 
Number of higher 
education institutes 
-1.29 1.51 3.35***  -1.86* -3.85*** -1.96* 
Number of large and 
medium-sized enterprises 
0.48 1.12 1.14  -1.83* -0.75 1.60 
GDP per capita 0.66 -0.34 -1.28  -0.56 2.31** 2.94*** 
Funding for scientific and 
technological activities 
1.68* 1.45 -0.69  0.38 0.85 0.61 
Full time employed 
scientists and engineers 
-3.38*** -3.11*** 0.86  -3.94*** -3.78*** 0.84 
Employment rate -0.17 -3.58*** -4.12***  1.67* 0.20 -1.73* 
FDI 0.22 -2.86*** -3.27***  -1.43 -4.04*** -1.69* 
Export and import 1.10 4.98*** 3.76***  2.59** 3.95*** 0.51 
Value of domestic 
technology contract 
2.75*** 1.38 -2.24**  1.96** 2.07** -0.68 
Note: ***p<0.01, **p<0.05, *p<0.1 
Innovation actors 
The impact of innovation actors on RIC is quite different between groups. Considering 
higher education institutes, there is little impact on RIC in group 1 and group 2. It only 
shows a negative effect on utility model patents at p<.1. However, in group 3, it is 
significantly negative on invention patents and significantly positive on utility model 
patents. The results indicate that in high and medium innovative regions, higher education 
institute is not an important determinant of RIC; while in low innovative regions, they 
hold back the increase of invention patenting but improve utility model patenting.  
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Regarding LME, all significant results show a negative impact and there are no 
significant differences in effect size.  
Input factors 
With regard to GDP per capita, all groups show a consistent, positive effect of similar 
magnitude.  This again confirms the importance of knowledge stock and economic 
infrastructure in RIC.  
 
Considering funding for S&T activities, the positive impact only show its significance on 
invention patents in group 1 and group 3, and the effect size is greater in group 1 than in 
group 3. In other words, the efficiency of S&T funding in promoting RIC is higher in 
group 1 than in group 3. 
 
Regarding human capital, there are substantial differences between groups. The impact of 
S&T personnel is significantly negative on both types of patents in group 1. In contrast, in 
group 2 and group 3, it is significantly positive on invention patents and has an 
insignificant (but still positive) impact on utility model patents. These results indicate that 
in high innovative regions, more skilled technicians will lead to less patenting, which is 
against theoretical prediction. Why this exists in innovative regions needs further 
investigation.  
 
The impact of employment rate on invention patents is negative in groups 1 & 2, but 
positive for group 3. Hence, it appears employment holds back the development of radical 
innovations in high and medium innovative regions and promotes RIC in low innovative 
regions. This warrants further investigation. 
Interactions 
The estimated effect of FDI on grants is significantly negative on both types of grants in 
all groups, but the impact in groups 1 and 2 is greater than that in group 3. This indicates 
that how FDI influences RIC is related to the innovative level of a region. The results also 
imply that to improve RIC, attracting more FDI alone is not a good strategy.  
 
Contrary to FDI, international trade has a significantly positive effect on RIC in all groups 
with the exception of invention patents in group 3. Here, the impact is significantly 
negative. The results suggest that in high and medium innovative regions, the 
international trade-oriented strategy greatly promotes RIC. The influence of international 
trade in group 3 is quite consistent with what has been found with overall regions.  
 
Regarding domestic interactions, the effect greatly differs between groups. In group 1, the 
impact is positively significant on both inventions and utility models. In group 2, it is 
negative though not significant on both categories. In group 3, the coefficient is 
significantly positive on inventions and insignificantly negative on utility models. The 
results indicate that domestic technology transfer facilitates regions at both high and low 
innovative levels, but not medium innovative ones. It seems there is a U-shape 
relationship between the impact of domestic technology transfer and innovative level of a 
region. 
7. Conclusion 
This paper investigates the determinants of RIC in China. We develop a research model 
based on the concept of NIC and research on NIS/RIS and conduct an empirical test using 
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longitudinal panel data. We demonstrate differences between the drivers of substantial 
innovation (invention patents) and incremental innovation (utility patents). We also 
identify three groups of regions using cluster analysis – broadly highly developed, 
developing and under developed innovation capacity regions. We demonstrate that the 
drivers of RIC differ between these groups –.  
 
Our overall results suggest that other than financial and human capital, international and 
domestic interactions play a critical role in developing RIC as well. Besides, there are 
considerable differences in the drivers of IC between invention grants and utility model 
grants. Findings imply that before developing strategies for improving RIC, a region 
should clarify the objectives first as the impact of factors on different measures of RIC 
differ.  
 
The comparisons between the three groups of regions suggest that the drivers of RIC 
depend on how developed the region is in terms of its IC. In other words, the innovation 
capacity determinants rely on the economic infrastructure, knowledge stock, and 
accumulated IC of a region. The findings imply that successful experiences from other 
regions will not necessarily have the same effect in other regions. Before employing a 
positive strategy from others, a region should compare the gap of average IC levels 
between them other than following the steps of developed ones blindly. 
 
There are also some interesting findings from our analysis that warrant further 
verification. For example, the impact of EIT on different categories of patent, how 
domestic technology interactions influence RIC, the U-shaped relationship between the 
impact of domestic technology transfer on RIC and innovative level of the region. 
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